Genetics of gene expression (eQTLs or expression QTLs) has proved an indispensable tool for understanding biological pathways and pathomechanisms of trait-associated SNPs. However, power of most genome-wide eQTL studies is still limited. We performed a large eQTL study in peripheral blood mononuclear cells of 2112 individuals increasing the power to detect transeffects genome-wide. Going beyond univariate SNP-transcript associations, we analyse relations of eQTLs to biological pathways, polygenetic effects of expression regulation, trans-clusters and enrichment of co-localized functional elements. We found eQTLs for about 85% of analysed genes, and 18% of genes were trans-regulated. Local eSNPs were enriched up to a distance of 5 Mb to the transcript challenging typically implemented ranges of cis-regulations. Pathway enrichment within regulated genes of GWAS-related eSNPs supported functional relevance of identified eQTLs. We demonstrate that nearest genes of GWASSNPs might frequently be misleading functional candidates. We identified novel trans-clusters of potential functional relevance † Original data used in this manuscript was submitted to GEO (GEO accession no. GSE65907). for GWAS-SNPs of several phenotypes including obesity-related traits, HDL-cholesterol levels and haematological phenotypes. We used chromatin immunoprecipitation data for demonstrating biological effects. Yet, we show for strongly heritable transcripts that still little trans-chromosomal heritability is explained by all identified trans-eSNPs; however, our data suggest that most cis-heritability of these transcripts seems explained. Dissection of co-localized functional elements indicated a prominent role of SNPs in loci of pseudogenes and non-coding RNAs for the regulation of coding genes. In summary, our study substantially increases the catalogue of human eQTLs and improves our understanding of the complex genetic regulation of gene expression, pathways and disease-related processes.
Introduction
Expression quantitative trait loci (eQTLs) are pairs of genomic variants and genes for which there is an association of the genomic variant with the mRNA expression of the gene (1) . If the genomic variant is an SNP, we call it 'eSNP' (2,3). Corresponding genes are referred to as 'regulated genes'. Analysis of eQTLs is considered an important avenue for the mechanistic understanding of genotype-phenotype associations (4) , especially in the context of genome-wide association studies (GWAS) analysing the genetics of complex traits. Genes regulated by a GWAS-SNP are promising candidates for follow-up functional studies and may point towards novel and relevant regulatory mechanisms (5) . Observed enrichment of GWAS-SNPs within eSNPs corroborates this approach (6) . Consequently, an increasing number of eQTL-studies in humans in different tissues have been performed (3, 4, .
Commonly, eQTLs are differentiated in cis-(i.e. local) and trans-(i.e. distant) eQTLs. Cis-eSNPs are typically defined to be located within the transcribed region of a regulated gene or within a maximum distance of 1 Mb to the transcribed region. If multiple genes are regulated by a single trans-eSNP, the term eQTL hotspot or trans-cluster is used (12, 13, 21, 28) . Published eQTL studies have shown that there are numerous cis-eSNPs with high effect size on corresponding transcript levels. Conversely, trans-effects are usually small in size requiring larger studies for detection and confirmation.
Here, we performed a comprehensive genome-wide eQTL analysis of gene expression in peripheral blood mononuclear cells (PBMCs). We studied a large cohort of 2112 individuals allowing us to detect small effects which are common for transeQTLs. Exploiting the high power of our study, we also perform extensive replication analysis of published eQTLs including a large recent meta-analysis (23) . From this, we find a good replication rate of previously published eQTLs in our data and conclude that about one-third of eQTLs identified in our study are novel. Going beyond pure univariate analysis of SNP-transcript pairs, we analyse pleiotropic effects of gene-expression regulation by studying eQTL hot spots where we discover novel trans-clusters of regulated genes. We demonstrate that these genes can provide meaningful mechanistic hypotheses. Additionally, we estimate the polygenetic effects of expression regulation by calculating chip-wise (CW) heritability (29) . We propose to contrast these estimates with the combined correlation adjusted explained variances (30) of all significantly associated eSNPs for cis-and trans-regulation. This allows us to approximate the gap between the heritability already explained by the discovered cis-and transeQTLs and the heritability accessible with our SNP microarray technology in even larger studies. Finally, we perform a comprehensive analysis of annotated genomic elements including novel classes of non-protein coding loci. Our results support a prominent role for loci of non-coding RNAs (ncRNAs) and loci of pseudogenes in the regulation of expression of coding genes in humans. This result may facilitate further research regarding eQTL identification and regulatory mechanisms. Throughout the manuscript, we discuss implications for our functional understanding of gene-expression regulations and SNP-phenotype associations by contrasting our results with GWAS-SNPs or by pathway enrichment analyses.
Results
The power of the study allows detection of small genetic effects on gene expression
We studied the genetics of gene expression in PBMCs of 2112 individuals from the LIFE-Heart Study (31) . We assessed the power of our study in comparison with previously published eQTL studies (Supplementary Material, Fig. S1 ). Exemplarily, we had 80% power to detect an eSNP that explains 1.8% variance of a trans-regulated transcript or 0.7% variance of a cis-regulated transcript. This is considerably more than the power to detect the same effects in a study comprising 1500 individuals (44.8 and 59.4%, respectively), what was the largest single study published so far (21) .
Summary information of identified eQTLs
Controlling the false-discovery rate at 5% separately for cis-and trans-eQTLs, we identified a total of 1 840 232 eQTLs involving 11 410 (85.5%) genes. After pruning of eSNPs, in order to account reporting for linkage disequilibrium (LD), this number corresponds to ∼151 277 eQTLs. A genome-wide eQTL-plot displaying positions of eSNPs against those of corresponding regulated genes is shown in Supplementary Material, Figure S2 . In our data, 17 .6% of all genes expressed in mononuclear blood cells were associated with a trans-eSNP and 83.2% of all genes were associated with a cis-eSNP. Conversely, 779 042 (29.7%) of all SNPs were associated with a gene in cis, whereas 38 034 (1.4%) were associated with a gene in trans. After pruning, these observations corresponded to 81 148 (28.4%) cis-and 3800 (1.3%) trans-acting SNPs, respectively. Note that the smallest identified effect sizes with study-wide significance are different for cis-and transeQTLs (0.4 and 1.3% explained variance of gene-expression levels, respectively). All eQTLs are individually reported in Supplementary Material, Table S1 and are available as custom track for the UCSC genome browser (30) in Supplementary Material, Table S2 . A summary information of all identified eQTLs is provided in Table 1 .
Replication analysis and estimation of novel eQTLs
We next investigated novelty of identified eQTLs. Therefore, we compared our results with 22 published eQTL studies (3, subsequently referred to as 'published studies' (Supplementary Material, Table S3 ). Sample numbers in previously published single studies ranged from N = 52 to N = 1490, the meta-study included 5311 individuals. Many of these studies were carried out in blood or blood-derived cell lines, but some studies used tissues derived from other organs such as liver, skin and brain.
About 590 228 (34.3%) of all cis-eQTLs and 46 115 (46.4%) of all trans-eQTLs detected in our study were not previously reported in these 22 studies and are further on termed 'novel eQTLs'. After pruning, novel eQTLs corresponded to 75 790 unique cisassociations and 4375 unique trans-associations. Vice versa, 65 .4% (7122) of our cis-regulated genes, and 64.7% (1494) of our trans-regulated genes were replicated/reported with the same or linked eSNP in these 22 studies.
Reported regulated genes were enriched in our results [92.0 versus 91.1%, odds ratio (OR) 1.1, 95% confidence interval (95% CI) 1.02-1.22, P = 0.02]. As expected, previously reported eQTLs had higher effect sizes than novel eQTLs in our data (reported: R 2 median = 1.11%, novel: R 2 median = 0.98%). For a more detailed comparison, we investigated whether we can replicate eQTLs of published genome-wide studies including more than 1000 individuals as well as eQTLs of the meta-study.
In order to minimize the influence of technical differences, we limited replication analysis to SNP-gene pairs available in our study. Replication rates of cis-regulated genes were 72% for Fehrmann et al. (12) , 84% for the meta-study (23) and 95% for Zeller et al. (21) , while replication rate of trans-regulated genes were 26, 25 and 61%, respectively (Supplementary Material, Fig. S3 ). These rates are good in comparison with previously reported replication rates (12, 13, 21) . The lowest cis-replication rate was observed for results from Fehrmann et al. (12) . A reason might be that the cohort of Fehrmann et al. (12) comprised several distinct sub-cohorts with different diseases and leveraged two different gene-expression analysis platforms thereby increasing variance of gene expression. This reasoning might also be partly relevant for the meta-study. Additionally, the meta-study includes a considerable proportion of eQTLs with small effect size which reduces power for replication analysis. High trans-replication of Zeller et al. (21) in comparison to the other studies might mainly reflect higher effect sizes of trans-eQTLs due to the stricter Bonferroni-based significance level adopted there. Additionally, similar to our study, Zeller et al. (21) investigated a homogenous cohort and used as tissue a purified cell-population from blood (monocytes). Monocytes are also enriched in PBMCs, which might have positively affected replication rate of tissue-specific trans-eQTLs. Furthermore, we analysed vice-versa replication of our results (FDR ≤ 0.05) in Westra et al. (FDR ≤ 0.5). Here, we found replication rates on a similar level: we could replicate 80.5% of our cis-regulated genes and 48.5% of our trans-regulated genes for which at least one overlapping eSNP is available in Westra et al. (23) .
Local eSNPs are enriched within 5 Mb to the regulated gene
We were interested in estimating the genomic range in which local regulation is observable. On average, 85.3% of all eSNPs of a given chromosome were located outside the transcribed region of the regulated gene. More than half of all eSNPs of a regulated gene were located within a margin of 140 kb. When restricting to the strongest eSNP per gene (called 'top eSNP'), this margin is reduced to 82 kb. Note that in our data, the top-eSNP accounted on median for about 40% of the total variance explained by all ciseSNPs located on the same chromosome. Consistent with previous studies (32, 33) , we observed approximately symmetric enrichment of eSNPs at the transcript start site (TSS) and transcript end site (TES, Fig. 1 ). Note that the enrichment peak in Figure 1 seen at the TES most likely results from exon-specific QTLs and the known 3′ bias of Illumina probes (34) . The decline of eQTL effect sizes with increasing distance to the transcript is shown in Supplementary Material, Figure S4 .
Only 62.3% of all cis-regulated genes were immediately adjacent to the top-eSNP. This means, a considerable amount of cisregulations bridges at least one gene not regulated by the SNP considered (Supplementary Material, Fig. S5 ).
To go further, we were interested in eQTL enrichment in dependence on the distance to the regulated gene. Remarkably, even when excluding known long-range LD-regions, enrichment of eQTLs was observed up to 5 Mb to the TSS /TES. At this distance, the density of local eQTLs approximately met the density of inter-chromosomal trans-eQTLs (6.9 eQTLs/Mb, Supplementary Material, Fig. S6, lower panel) . When restricting this analysis to the top-eSNP in order to account for LD, enrichment was still observed up to a distance of 2 Mb to the TSS/TES (Supplementary Material, Fig. S6, upper panel) . This challenges the current commonly adopted limit of 1 Mb to define cis-regulations.
Pathway analysis demonstrates relevance of identified eQTLs for GWAS-related disease phenotypes and traits
To explore relevance of identified regulated genes, we investigated enrichment of KEGG pathways (35) among genes regulated by eSNPs that are in LD with a GWAS-SNP (R 2 ≥ 0.5). This was done for each GWAS-trait separately. In Table 2 , we show the KEGG pathway that was strongest enriched within regulated genes found for a certain GWAS trait. This Table S4 . From these tables, the discrepancy between positionbased identification of candidate genes (nearest gene to GWAS-SNP) and functional identification by eQTL analysis becomes highly apparent: only in a single GWAS-trait ('Comprehensive strength and appendicular lean mass'), position-based and eQTL-analysis based genes were identical. For all other traits, almost all genes were different. This was observed for cis-as well as trans-regulated genes. Still, identified enriched pathways are meaningful for the corresponding GWAS-trait: this includes obvious examples like 'Bitter taste perception' showing enrichment for pathway 'Taste transduction', or 'Asthma and hay fever' showing enrichment for 'Cytokine-cytokine receptor interaction'. Further examples are the KEGG 'PPAR signalling pathway' found to be enriched in the GWAS trait 'acute lymphoblastic leukaemia'. Involvement of this pathway in this disease was debated (36) . Similarly, KEGG pathway 'Glutathione metabolism' was enriched within GWAS-trait 'Stearic acid (18:0) plasma levels': evidence of binding of stearic acid (18:0) to glutathione S-transferase was described (37) . Furthermore, roles of Helicobacter pylori infection in autoimmune diseases were discussed (38) providing a reasoning for the identified relation of the GWAS-trait 'Helicobacter pylori serologic status' the KEGG-pathway 'Rheumatoid arthritis'. The relation between 'Mean platelet volume' and 'Platelet counts' with KEGG pathways 'ECM-receptor interaction' and 'Focal adhesion', respectively, is mainly driven by trans-clusters and discussed in the following section named 'Examples of GWAS-trait-related trans-clusters provide meaningful mechanistic hypotheses'.
Summary information on trans-clusters
We defined trans-clusters as trans-eSNPs associated with at least two trans-regulated genes. Within our data, we identified 14 953 trans-clusters. After pruning, this number corresponded to 849 unique SNPs or ∼175 genomic loci, i.e. 11.9% of all loci that included a trans-eSNP were associated with more than one transregulated gene. Our data confirm previously reported large trans-clusters related to HLA-SNPs on chromosome 6 and the large trans-cluster on chromosome 3 related to rs12485738 (Supplementary Material, Fig. S2 ). The latter corresponds to an SNP known to be associated with mean platelet volume (39) . Most of our trans-cluster loci were found on chromosomes 6 (9.7%) and chromosome 2 (9.7%). Analysis of trans-clusters is especially appealing for eSNPs that are in LD with known GWAS-SNPs, as further hypotheses about pathomechanisms of the disease-associated SNP can be generated. Therefore, we contrasted trans-clusters where the eSNPs is in LD (R 2 ≥ 0.5) with a GWAS-SNP to trans-clusters unrelated to GWAS-SNPs. Indeed, trans-cluster eSNPs that were in LD with GWAS-SNPs appeared to regulate more genes (on average 1.6 times more genes, Quasi-Poisson-fit P<10 −15 ). They also showed stronger associations with regulated transcripts (i.e. the median of the MANOVA-log10 P-values for association was shifted by 20.9, Wilcoxon test P < 10 −15 ). Interestingly, transcluster eSNPs in LD with GWAS-SNPs were less frequently associated with an additional cis-regulated transcript, (92.6 versus 95.4%, Fisher-test P < 10
−15
). However, if an additional cis-regulation was present, cis-effect sizes were stronger (median difference of explained variance of transcript levels was 0.11%, Wilcoxon test P < 10
). Finally, we compared the average decrease of the correlations among trans-regulated genes when expression levels of these genes were adjusted to the trans-cluster eSNP. A decrease is supportive for a causal effect of the eSNP on expression levels of trans-genes. The decrease of the correlation was stronger for GWAS-related trans-clusters than for non-GWAS related transclusters (on median −11 versus −8%, Wilcoxon test P < 10
).
Examples of GWAS-trait-related trans-clusters provide meaningful mechanistic hypotheses
Outstanding trans-clusters with implication for GWAS-SNPs are shown in Table 3 . This table is restricted to trans-clusters that cis: SULT1A1+, SULT1A2+, SUOX+ Found in trait (%): Number of genes belonging to the KEGG-Term that are also regulated by an eSNP. The percentage relates to all genes belonging to the KEGG-Term. Enrichment: Found genes versus the genes expected without any enrichment. P-value: nominal enrichment P-value. Asterisks indicate novel identified eQTLS, the '+' sign indicates that the respective gene was not mentioned as 'reported gene' or 'mapped gene' in the GWAS-catalogue. are in LD with GWAS-SNPs and that have at least three transregulated genes from which at least 75% had to be novel. Additionally, correlation of expression levels of regulated genes was required to decrease when adjusting expression levels on the corresponding trans-cluster eSNP.
The first trans-cluster in Table 3 is rs34856868 on chromosome 1. This SNP is also associated with obesity-related traits. Identified trans-regulated gene ACOX2 (Acyl-CoA Oxidase 2, Branched Chain) is functionally plausible as it has a prominent role in lipid metabolism (Supplementary Material, Fig. S7 ). Consistently, this gene is also included in the GO-Term 'fatty acid beta-oxidation using acyl-CoA oxidase' (Supplementary Material, Table S5 ).
The second trans-cluster rs17616434 on chromosome 4 is associated with several GWAS-phenotypes, mainly immunity and Helicobacter-related phenotypes. In line with this, many novel identified trans-regulated genes can be found in plausible GO-and KEGG pathways, e.g. 'Cytokine-cytokine receptor interaction', 'response to molecule of bacterial origin' or 'Toll-like receptor signaling pathway' (Supplementary Material, Table S5 ).
Plausible trans-regulated genes were also found for the transclusters on chromosome 6. Exemplarily, for rs2858870 associated with GWAS-trait 'Nodular sclerosis Hodgkin lymphoma', we found novel trans-regulated gene SSRP1 located on chromosome 11. This gene is known to be part of the heterodimer FACT that is critically involved in the anticancer mechanism of cisplatin (40) . For trans-cluster rs9275698 associated with GWAS-trait 'Asthma', novel trans-regulated gene KPNA2 located on chromosome 17 was reported to be related to V(D)J recombination (41), thereby providing a link to immunity.
The trans-cluster rs10876864 on chromosome 12 is linked with type 1 diabetes and vitiligo. For this SNP, we also confirm the previously reported cis-regulated gene RPS26. Importantly, RPS26 was excluded as causal gene involved in type I diabetes (42, 43) . Our novel trans-regulated genes provide alternative pathomechanistic hypotheses to understand downstream effect of this SNP. Gene-Ontology categories that include novel trans-regulated genes show possibly hints to proteins targeting to membrane and purine nucleoside triphosphate biosynthesis (Supplementary Material, Table S5 ). Note that correlations among genes of this trans-cluster changed on average for −42% when expression levels were adjusted to rs10876864, which was the largest value for trans-clusters reported in Table 3 .
For trans-cluster rs11651199 on chromosome 17 related to Parkinson's disease, the GO-terms 'proteasomal protein catabolic process' and 'ubiquitin-dependent protein catabolic process' include novel trans-regulated gene RNF187 and the confirmed reported cis-regulated gene AURKB (Supplementary Material, Table S5 ). Fittingly, involvement of the ubiquitin proteasome system is known to be related to Parkinson's disease. Therefore, our findings may be useful to improve understanding of this system as cause or consequence of early pathological alterations in Parkinson's disease (44) . Note that, in this example, a cis-as well as a trans-regulated gene are included in the same enriched pathway, which further supports a functional relevance (45) .
For trans-cluster rs10512472 on chromosome 17 related to the GWAS-traits 'platelet count' and 'mean platelet volume', we found several relevant GO-terms as well as KEGG-terms nominally enriched (Supplementary Material, Table S5 ). This includes the KEGG-term 'Hematopoietic cell lineage' which includes novel trans-regulated genes ITGA2B and ITGB3. As shown in Supplementary Material, Figure S8 , both genes are implicated in formation of platelets thereby providing a clear link to the GWAS-trait 'platelet count'. Similarly, Supplementary Material, Figure S9 shows KEGG-pathway 'Regulation of actin cytoskeleton' that includes novel trans-regulated genes ITGA2B, ITGB3 and MYL9. According to this pathway, these genes are involved in actomyosin assembly contraction which is a reasonable functional link with GWAS-trait 'mean platelet volume'. Evidence for a mechanistic relevance of novel trans-regulated genes can also be derived from previously reported SNP-association studies. Exemplarily, for trans-cluster rs2293889 on chromosome 8 related to HDL cholesterol (46), we found a novel cis-regulated gene TRPS1 and five novel trans-regulated genes. For most of these five novel trans-regulated genes, genetic association studies with conceptually related phenotypes can be found: SNPs in ADAM8 were reported to be involved in advanced atherosclerotic lesion areas and myocardial infarction (47) , for SNPs in EMR1 and EMR3 nominal associations for heart failure and blood pressure determination, respectively, were reported in the PhenotypeGenotype Integrator (rs3895916 in EMR1 in dbGaP:phs000226 and rs45508602 in EMR3 in dbGaP:ph00221 as well as dbGaP: phs000501, accessed 11/19/13) (48) . Variants in MYB were associated with coronary artery disease (27) and levels of ghrelin (49), a peptide hormone that stimulates food intake and growth-hormone release. Ghrelin in turn is known to interact with HDL (50) . As it is known that TRPS1 is a transcriptional repressor with GATA-type zinc finger binding sites (51), we analysed chromatin immunoprecipitation data (52) for enrichment of binding of transcription factors near the five trans-regulated genes. Indeed, GATA1 binding sites were the most prominently enriched human binding sites in the genes of the cluster [due to genes EMR1, EMR3 and MYB (P = 0.004)]. A trend towards enrichment of GATA3 binding sites was found for MBOAT7 (P = 0.12). This is in line with observed expression levels: when we grouped individuals according to genotypes of rs2293889, we observed that expression levels of the trans-regulated genes increased (i.e. highest for genotype TT, lowest for genotype GG), whereas for the same genotypes, expression levels of TRPS1 decreased (i.e. lowest for genotype TT, highest for genotype GG, Supplementary Material, Fig. S10 ). This opposing behaviour is unlikely due to chance (P < 0.05) and supportive for a GATA-mediated control of the transregulated genes. A possible mechanism might be an effect of rs2293889 on RNA stability: RNA immunoprecipitation data reveal binding of ELAVL1 at the same chromosomal location where rs2293889 is located (53) . ELAVL1 is an RNA-binding protein that can stabilize RNA in order to counteract RNA degradation.
The majority of common cis-eSNPs of strongly heritable genes seems to be identified, but the majority of common trans-acting eSNPs remains to be discovered
We were interested in polygenetic effects on gene expression. More precisely, we examined the CW heritability (29, 54) , which corresponds to the variance of gene-expression levels explained by all SNPs present on the chip. In our study, CW-heritability can be used to estimate how much of the genetics of gene expression is attributable to common genetic variants covered by our technology.
We contrasted the CW-heritability with the variance of geneexpression levels explained by all eQTLs identified in this study. To quantify the latter, we combined the explained variances of all identified eSNPs (FDR ≤ 5%) for each transcript using correlation adjusted scores. This approach fully accounts for the LDstructure between SNPs (30). We refer to this measure as the 'explained variance of combined eSNPs'. The observed differences between CW-heritabilities and 'explained variance of combined eSNPs' allows a rough quantification of how many novel eQTLs can be still discovered in even larger studies or metaanalyses applying similar technology.
Within our data, 2556 (14.2%) of all autosomal transcripts corresponding to 2260 (17.6%) of all genes showed a CW-heritability significantly greater than zero. These genes are further on termed 'strongly heritable genes' and the analysis further on is restricted to those genes. Smallest CW-heritability of these genes was 21.3%. Respective standard errors ranged from 0.094 to 0.155 (median 0.143). Still, we found correlation of our estimates with reported twin-based heritability of 0.5 or larger (P = 0.004, r = 0.39, 95%CI 0.13-0.60, see also Supplementary Material, Fig. S11 ). On median, all SNPs located on the chromosome where the regulated gene is located contributed for 36.9% of the genome-wide CW-heritability. We call this the 'cis-attributable component of CW-heritability'. All SNPs located on different chromosomes contributed on median to 65.2% of the genome-wide CW heritability (Supplementary Material, Fig. S12 ). We call this the 'trans-attributable component of CW-heritability'. These numbers suggest that for strongly heritable genes, most common variant-related heritability is hidden in trans-regulations.
For 2115 (93.6%) of all strongly heritable genes, one or more eSNPs was identified in our study (Fig. 2) . For 99% of genes with Figure 2 . Estimating the gap between explained and predicted heritability of gene expression. To estimate the gap between explained and predicted heritability of gene expression, we compared the explained variance of gene expression of combined eSNPs versus the genetic variance of gene-expression levels resulting from all imputed SNPs (CW-heritability). This is shown at the left side for all SNPs, in the middle for all SNPs found on the chromosome, where the regulated transcript is located (cisregulation), and at the right side for all SNPs found on all chromosomes, where the regulated transcript is not located (trans-regulation). Triangles indicate transcripts with significant genome-wide CW-heritability (P ≤ 0.05). For each graph, a loess-estimator including confidence bounds is shown. Note that, for convenience, the ordinate in (C) is log 10 -transformed. Transcripts with an explained variance of combined trans-eSNPs of zero are shown at the bottom of the graph. a significant cis-attributable component of CW-heritability, we found one or more cis-eQTLs in our study. Only for 23% of these genes, the explained variance of combined cis-eSNPs was smaller than the corresponding cis-CW-heritability. Therefore, our data suggest that for strongly heritable genes, the vast majority of common cis-eSNPs accessible with our technology seems to be identified.
In contrast, for only 19% of genes with a significant transattributable component of CW-heritability, we found one or more trans-eQTLs. On median, the explained variance of combined trans-eSNPs explained only 7% of the corresponding trans-CW-heritability (Fig. 2, right) . Therefore, we conclude that most common cis-eSNPs are discovered, but the majority of common trans-acting eSNPs remains to be identified.
Note that explained variance of combined trans-eSNPs tends to be large only when explained variance of combined ciseSNPs of the gene is small (Supplementary Material, Fig. S13 ).
Loci of pseudogenes and multiple classes of non-coding RNAs are enriched at sites of eSNPs Finally, we were interested in enrichment of eSNPs within functionally annotated genomic loci. Knowledge of enrichment can facilitate the search for yet undetected eQTLs and provides hypotheses about molecular mechanisms of the regulation of gene expression. Table 4 and Supplementary Material, Table S6 show results of this analyses: we could confirm enrichment of eSNPs within previously reported functionally annotated genomic loci. This includes loci of certain classes of histones, transcribed coding genes, CpG islands, transcription factors and miRNA target sites (21,51,52). We also found enrichment within yet unreported annotated loci. This includes loci of ncRNAs and loci of pseudogenes, loci of transcripts of uncertain coding potential (55) and predicted open-reading frames in intergenic space (56) . Classes of enriched ncRNA loci were loci of large intergenic RNAs (lincRNAs), ncRNA loci relevant in transcriptome regulation (i.e. bona fide ncRNAs regulated by TP53-mediated apoptosis or in the cell cycle (57) and ncRNA-loci displaying conserved secondary structures. Those ncRNA loci were found in intergenic regions as well as in introns of coding transcripts. Importantly, eSNPs were only enriched in exons of lincRNAs, but not introns of lincRNAs (Supplementary Material, Table S6 ). This corroborates a functional relevance of these lincRNA-related eSNPs.
When investigating pseudogene-loci in more detail, we found systematic differences between pseudogene loci containing an eSNP and those not: pseudogene loci with co-localized eSNPs were more often transcribed and showed in general more often evidence for transcription-related activities. These loci were also less likely to result from retro-transposition of mRNA but more likely to result from processes like gene duplication or gene inactivation (Supplementary Material, Table S7 ). A special class of pseudogenes comprehends those regulating their parent gene. A pseudogene's parent gene is defined as a coding gene, from which the pseudogene originates, e.g. via gene duplication. We searched for pseudogenes loci that contain an eSNP regulating the parent gene of the pseudogene. Within our data, we identified 44 such pairs. Of those, 16 pseudogenes were reported to be transcribed. Six of these included a pseudogene locus where the co-located eSNPs was in LD with GWAS-SNPs (Table 5) .
We wanted to provide additional hypotheses for ncRNA-and pseudogene-related regulatory processes in GWAS-traits. Therefore, we first filtered all published GWAS-SNPs to those GWASSNPs that were in LD (R 2 ≥ 0.8) with an eSNP identified in our study. We searched for GWAS-traits enriched for eSNPs located in loci of pseudogene and loci of ncRNAs. We found 17 GWAStraits nominally enriched for eSNPs located in loci of ncRNAs (Supplementary Material, Table S8 ) and 14 GWAS-traits nominally enriched for eSNPs located in loci of pseudogenes (Supplementary Material, Table S9 ). This information may provide a starting point for further exploration of possibly ncRNA-or pseudogenerelated mechanisms of expression modulation in these traits.
Discussion
In this work, we performed an eQTL-study designed to detect small effects as we analysed the largest single eQTL-cohort available so far. This allows us to validate published variants, to detect several new variants and to dissect cis-and trans-effects. As we analysed cis-and trans-eQTLs in a genome-wide manner, our data are a valuable resource to explore the relevance of trait associated SNPs identified in current as well as future GWAS studies. Going beyond univariate association analyses, we derived insights into the gap between estimated heritability and discovered eQTLs and provided potential functional explanation of genotype-phenotype associations and their relation to functional classes of the genome.
In our analysis, we found cis-regulation in about 83% of tested genes. This is higher than the percentage of cis-regulated gene reported in a recent meta-study (44%). The explanation is that (i) more SNPs survived the quality filter steps in our study (2.63 Mio SNPs versus 1.96 Mio. SNPs in the meta-analysis); (ii) we considered an eQTL to be cis-regulated in a much larger genomic region: in our cis-analysis, we included SNPs located within 1 Mb of either side of the transcription start or end site or within the gene body. In contrast, the meta-analysis considered only the probe binding site ± 250 kb. In consequence, many of our identified cis-eQTLs were small in effect size, as the effect size of ciseQTL decreases as distance to the regulated gene increases: the effect size of the strongest eSNP in 34.9% of all regulated genes explained at most 1% of the variance of gene expression; (iii) we analysed a less diverse sample as we studied a single cohort using purified PBMCs as tissue. In contrast, the meta-analysis included many studies and focussed on whole blood. A relation between the number of detected eQTLs and study homogeneity was demonstrated previously (2) . Also note that a high number of cisregulated genes is in line with previous assumption, that most, if not all genes may have allele-specific expression differences (59) .
By comparing our results with the literature, we could replicate 72-95% of reported cis-regulated genes and 25-61% of reported trans-regulated genes. Vice versa, we could replicate at Westra's FDR ≤ 0.5 level 5174 (80.5%) of our cis-regulated genes for which at least one overlapping eSNP is available in Westra et al. and 228 (47.8%) of our trans-regulated genes. Therefore, replication rate can be considered good in comparison with previously reported replication rates (12, 13, 21) . We estimated that about one-third of our eQTLs are novel in respect to 22 published eQTL studies including the meta-analysis (Supplementary Material, Table S3 ). Although such comparisons are always limited due to differences in design and methodology of different eQTL studies, this number illustrates the increased power of our study.
Concerning cis-regulated eQTLs, we found most eSNPs within <150 kb of the gene's start and end site. When we analysed the density of eQTLs, we found enrichments even at a distance of 5 Mb away from the transcribed region of a gene. This suggests that cis-eQTL analysis might benefit from a more liberal definition of the maximum distance from eSNP to gene and further illustrates that the concept of cis-and trans-eQTLs is limited. In this sense, we believe that the usually applied concept of calculating cis-and trans-specific FDRs is not optimal. A Bayesian approach including chances of true positives in dependence on the distance of an eSNP to its regulated genes might be a future improvement to be developed.
More than one-third of all top-eSNPs were not located directly adjacent to the regulated gene (Supplementary Material, Fig. S5 ). Furthermore, when looking at enriched pathways within regulated genes related to GWAS-phenotypes (Table 2) , immediately neighbouring genes of an eSNP almost never matched the regulated gene identified via eQTL-mapping. This illustrates the relevance of functional studies in order to assign phenotypeassociated SNPs to causal genes. This is even more relevant for trans-regulated genes. In Table 3 , we show trans-clusters related to GWAS phenotypes thereby providing novel candidate genes for future studies on various traits and diseases (5). We underline potential relevance of these trans-clusters by showing that regulated genes are related to conceptually linked biological annotations and pathways. At the example of a trans-cluster related to HDL-levels, we also use data from chromatin-immunoprecipitation experiments to demonstrate how further functional evidence can be added to the discovered associations.
Although the high number of novel eQTLs detected by our study implies a considerable progress, it is important to describe the gap between identified eQTLs and those still to be discovered. Here, we estimated this gap by comparing the combined contribution of all identified eSNPs with a global heritability measure summarizing the effect of all imputed SNPs (CW-heritability) Pseudogenes were restricted to those reported to be transcribed (58), additionally, a corresponding GWAS trait had to exist. Pseudogene biotype: 'processed', pseudogene originates from retrotransposition; 'unprocessed', pseudogene originates from gene-duplication (58); eSNPs, all co-localized eSNPs that also are associated with expression levels of the pseudogene's parent gene. Values following SNP-Ids show explained variance of the regulated gene's expression level, corresponding GWAS phenotype, GWAS phenotype with a GWAS SNP in LD with the eSNPs. LD between GWAS-SNPs and eSNPs is shown in hyphens. (29, 54) . This accounts for LD (30, 60) and allows separate analysis of the cis-and trans-component. Thereby, we like to acknowledge that our CW-heritability estimates are still imprecise with standard errors ranging from 0.094 to 0.155 (median 0.143) for genome-wide CW-heritability and from 0.012 to 0.054 (median 0.0346) for cis-attributable component of CW heritability. Therefore, conclusion from these results are limited to strongly heritable genes and this analysis could benefit from even larger sample sizes than ours. Still, results drastically differed between cis-and trans-regulated genes: for almost all strongly heritable genes with a significant cis-attributable heritability component, we could identify one or more eSNPs. Combined cis-eSNPs explained most of the cis-attributable component of CW-heritability. In fact, due to winner's curse, the combined contribution of all identified eSNPs was often even larger than the cis-attributable CW heritability as the latter is less affected by winner's curse. Although an exact quantification of these effects is difficult, these results suggest that for strongly heritable genes, the vast majority of common cis-eQTLs seems to be identified (given our tissue and expression microarray technique). A strong contribution of known cis-eSNPs to the CW-heritability is in line with previous findings (13, 61) .
In contrast, only for 19% of genes with a significant transattributable CW-heritability, we could identify one or more eSNPs, on median all trans-eSNPs accounted for <10% of the trans-attributable heritability component (Fig. 2) . This is especially important as we found that on median, most of the total CW-heritability result from trans (Supplementary Material, Fig. S12 ). These findings are also in line with other studies reporting that the trans-component has a stronger influence on the heritability of the transcriptome and that the number of yet-identified responsible trans-eSNPs is still very limited (61) . Note, that the architecture of the genetics of gene expression is reported to be in the main additive, thereby closely resembling those of common diseases (62) . Therefore, these results warrant that a comprehensive identification of trans-eQTLs requires even larger eQTL studies and respective meta-analyses with sample sizes comparable to those required in GWAS of common diseases. Additionally, this points to the relevance of improved methodological approaches for trans-eQTL detection.
EQTL detection could benefit from the identification of functional elements that co-localize with eSNPs. Knowledge of such functional classes can be used to better identify and predict eQTLs (63, 64) and improve understanding of the regulatory architecture of the genome. For the first time, we report that loci of eSNPs are enriched at genomic sites of distinct classes of ncRNAs and pseudogenes (Table 4 and Supplementary Material, Table S6 ). This is reasonable, as ncRNAs are known to regulate expression of protein-coding genes in cis (65) and in trans (66, 67) . Previously, 108 cis-regulated ncRNAs were directly described (68) . Our study further extends this finding, as our enrichment analysis comprised many additional ncRNA loci.
Our observation of enrichment of eQTLs in loci of pseudogenes hints towards a more general regulatory relevance of pseudogenes. This is supported by the reported enrichment of GWAS-SNPs-which are themselves enriched for eSNPs (6)-within genomic loci of pseudogenes (69) . Examples for mechanisms on how a pseudogene can influence expression levels of other genes include miRNA-related interaction, influence of RNA stability and antisense regulation (70) . Many of these reported mechanisms include interaction with the pseudogene's parent gene (i.e. the gene from which the pseudogene originates). Accordingly, we found 44 pseudogenes with a co-located eSNP that appears to regulate the pseudogene's parent gene. Table 5 shows examples of such pairs with potential relevance for GWAS-traits. To provide further starting points for the exploration of possibly ncRNA-or pseudogene-related mechanisms of gene-expression modulation, we report GWAS-traits showing nominal enrichment of eSNPs located at genomic loci of ncRNAs and pseudogenes (Supplementary Material, Tables S8 and S9) .
In summary, our study substantially increases the catalogue of human eQTLs and improves our understanding of the complex genetic regulation of gene-expression, pathways and disease-related processes hereon. By numerous examples, we demonstrated how our study can support the identification of biologically plausible and testable hypotheses facilitating further research to understand the mechanisms of genotype-phenotype associations.
Materials and Methods

Ethics statement
The study meets the ethical standards of the Declaration of Helsinki. It has been approved by the Ethics Committee of the Medical Faculty of the University Leipzig, Germany (registration number and is registered at ClinicalTrials.gov (NCT00497887). Written informed consent including agreement with genetic analyses was obtained from all participants enrolled in the study.
Description of the cohort
Samples were derived from the ongoing Leipzig LIFE Heart Study which is an observational study designed to analyse moleculargenetic modifiers of atherosclerosis risk and related phenotypes. Individuals comprise either patients with suspected coronary artery disease due to clinical symptoms/non-invasive testing or with stable left main coronary artery disease. Details of the study can be found elsewhere (31, 71) . Patients with acute myocardial infarction were excluded from this analysis.
Measurement of gene expression
PBMC isolation (N = 2580) was performed using Cell Preparation Tubes (CPT, Becton Dickinson) as described (71) . Total RNA was extracted using TRIzol reagent (Invitrogen) and quantified with an UV-Vis spectrophotometer (NanoDrop, Thermo Fisher). A total of 500 ng RNA per sample were ethanol precipitated with GlycoBlue (Invitrogen) as carrier and dissolved at a concentration of 50-300 ng/μl prior to probe synthesis. N = 79 samples were not further processed due to low RNA concentrations. N = 2501 samples were hybridized to Illumina HT-12 v4 Expression BeadChips (Illumina, San Diego, CA, USA) in batches of 48 and scanned on the Illumina iScan instrument according to the manufacturer's specifications (67) . Documentation of sample processing included batch information at any processing step to allow adjustment in subsequent data analysis.
Raw data of all 47 323 probes were extracted by Illumina GenomeStudio, 47 308 probes could be successfully imputed in all samples. Data were further processed within R 2.13.1/Bioconductor. A total of 123 (4.9%) individuals having an extreme number of expressed genes [<7505 genes, defined as median ± 3 interquartile ranges (IQR) of the cohort's values] were excluded. Transcripts that were not found to be expressed according to Illumina's internal cut-off as implemented in Bioconductor package 'lumi' P ≤ 0.05 in at least 5% of all samples were not further considered in the analysis. Expression values were quantile normalized and log2-transformed (72) . For further outlier detection, we calculated the Euclidian distance between all individuals and an artificial individual having average expression levels of all transcripts. Sixty-nine (2.9%) of the remaining individuals with a distance larger than median + 3 IQR were excluded. Furthermore, we defined for each individual a combined quantitative measure combining quality control features available for HT-12 v4 (i.e. perfect-match and miss-match control probes, control probes present at different concentrations, mean of negative control probes, mean of house-keeping genes, Euclidian distances of expression values, number of expressed genes, mean signal strength of biotin-control-probes). We calculated Mahalanobisdistance between all individuals and an artificial individual having average values for these quality control features. Thirty-one (1.3%) of the remaining individuals with a distance larger than median + 3 IQR were excluded. Transcript levels were adjusted for the known batch Sentrix barcode (i.e. expression chip-ID) using an empirical Bayes method as described (73) . The empirical Bayes method required that at least two individuals for each batch are provided. This excluded two individuals. Success of adjustment was checked using ANOVA for both, the Sentrix barcode as well as the processing batch (in a processing batch, several expression chips were jointly processed, in consequence, within a processing-batch, several Sentrix barcodes are completely nested). The multivariate model included age, sex, monocyte counts and lymphocyte counts as covariates. A QQ-plot showing the distribution of ANOVA P-values before and after adjustment is shown in Supplementary Material, Figure S14 . A total of 625 (2.2%) expression probes still over-inflated following Bonferroni-correction were excluded and 28 295 probes residualized for age, sex, monocyte counts and lymphocyte counts remained in analysis. Due to incomplete data of these covariates, 20 (0.9%) of the remaining individuals were excluded. Additionally, we calculated principal components of the expression data residualized for its first five principal components to account for unmeasured batch effects as outlined elsewhere (12) . Using this number of PCAs, we found no evidence that trans-eQTL detection was compromised and still observed increasing numbers and effect sizes of detected eQTLs due to the adjustment. Probes were assigned to genes using Entrez-gene IDs via the R add-on package from Bioconductor illuminaHumanv4.db_1.14.0 that relates to NCBI data dated on 7 March 2012 (74). Entrez-gene IDs were used to retrieve information for the abbreviated gene names (HGNC identifier) (8) and transcription start site and transcription end site of corresponding genes via Bioconductor package 'org. Hs.eg.db_2.7.1'. This package is based on hg19 coordinates retrieved from Golden Path data provided by UCSC Genome Bioinformatics at ftp://hgdownload.cse.ucsc.edu/goldenPath/hg19 with a date stamp of 22 March 2010. Remapping information (74) was only accepted if distance between chromosomal coordinates of expression probes and TSS/TSE was smaller than 1 Mb. The initial pre-processing resulted in 28 295 expression probes corresponding to 15 217 genes. Of those, 18 738 probes corresponding to 13 338 genes mapped uniquely within the human genome and had a probe annotation quality score (74) of at least 'good'. Throughout the manuscript, corresponding gene names are provided as HGNC identifiers. For 2112 (93.5%) of the remaining individuals, valid genotype data were available allowing eQTL analysis. Raw and pre-processed gene-expression data are available from GEO (https://submit.ncbi.nlm.nih.gov/geo, GEO accession no. GSE65907).
SNP genotyping, pre-processing and imputation DNA was extracted from peripheral blood using the Invisorb Spin Blood Maxi Kit (Stratec) as described (71) . Genotyping was performed with the Affymetrix Axiom Technology using the custom option. Axiom CEU comprising M = 541 621 autosomal markers served as a backbone of our custom array. A total of 62 471 autosomal markers enriched in 44 genomic regions associated with cardiovascular disorders were additionally placed on the array. Genotyping was performed on Affymetrix facilities. From N = 3036 DNA samples originally sent to Affymetrix facilities, N = 2925 samples were successfully genotyped. Cell files of all successfully genotyped samples were combined and genotypes were called by Affymetrix Power Tools version 1.12. We required an individual-wise call rate to be 97% or better. For N = 604 092 autosomal SNPs, we estimated allele frequency and minimal call rate with respect to plates. We tested asymptotically for Hardy-Weinberg equilibrium and for association of allele frequency with plates. For all samples, we recalculated the call rate in a CW manner and we assessed the mean squared difference of the individual's genotype and expected genotype incorporating all autosomal SNPs with non-missing genotype. Further, we estimated pair-wise relatedness (75) using N = 184 108 autosomal SNPs after filtering for minimal call rate (call rate<98%), Hardy-Weinberg equilibrium (P < 10 −6 ) and SNPs which are associated with plates (P < 10 −7 ). Adopting these criteria, 2857 individuals remained in analysis. Within these individuals, SNP quality was re-estimated and filtered for the following criteria: minimum of all plate-wise call rates had to be ≥90% (these criteria imply that the conventional overall SNP call rate is >94.2% and its 10th percentile is >99.2%), a Hardy-Weinberg equilibrium with P ≥ 10 −6 and association of SNP frequencies with plates with a P ≥ (76) . For this step, we used 213 540 SNPs fulfilling following quality criteria: call rate per plate ≥ 98%, HWE P ≥ 10 −6 , batch association with genotyping plates P ≥ 10 −7 . A graphical representation of the distribution of the first two eigenvalues of the remaining individuals together with estimated relatedness is shown in Supplementary Material, Figure S15 . Furthermore, SNPs with low quality based on minor allele frequency (MAF) <1% or with IMPUTE-info score ≤0.3 were excluded. Here, MAF related to those 2112 individuals that had also valid transcriptome data. SNPs not included in imputed data but having high-quality genotypes on chip were added to the data set, quality-control criteria were call rate ≥97%, MAF ≥ 1% and Hardy-Weinberg equilibrium P ≥ 10 −6 . This resulted in a total number of 2 627 381 SNPs.
These SNPs were lifted from hg18 dbSNP130 (given by the manufacturer) to hg19 applying the public available tool 'liftOver' from UCSC (http://genome.ucsc.edu/cgi-bin/hgLiftOver). From this procedure, 2 625 374 autosomal SNPs resulted for eQTL analysis.
eQTL-association analysis
For eQTL association analysis and FDR calculation, we used the Matrix eQTL software (77) in the environment of Revolution R Enterprise 5.0.1. We created a genome-and transcriptome-wide QQ plot to investigate the distribution of our test statistics using the same R-package. No evidence of inflation of our test statistic was observed (Supplementary Material, Fig. S16 ). In our data, the FDR at 5% for cis-eQTL corresponds to a P-value threshold of 0.0028 and the FDR at 5% for trans-eQTLs corresponds to a P-value threshold of 1.02 × 10
. Given the threshold for trans-effects and our sample size, we performed power analysis in dependence on the explained variance of an eSNP. Note that this measure of effect size is independent of SNP-allele frequencies. Calculation was done using the R-package 'pwr'. Calculation of the number of eQTLs when considering only one eSNPs per locus was done by counting all eSNPs per 1 Mb only once for each regulated gene. Assignment of cis and trans was done based on smallest physical distance between mapping of the SNP and transcription start and end site of the corresponding gene. Genes were considered cis-regulated, if the distance between the eSNP and the transcribed regions of the gene was at most 1 Mb, or if the eSNP was found within the transcribed region of the gene. Calculation of the number of pruned SNPs was done using PLINK 1.9. Here, we applied parameters clump_r2 = 0.3 and clump_kb = 5000. Pruning was done separately for cis-and trans-associated eSNPs resulting in a total of 285 362 and 288 875 unique SNPs corresponding to the 2 625 374 autosomal SNPs in analysis, respectively.
To analyse potential reasons for false-positive cis-eQTLs, we investigated whether the putative eSNP was correlated with another SNP located at the same position where the corresponding expression probe binds and therefore might artificially disturb gene-expression measurement (12) . For this purpose, we analysed whether any SNP reported in the 1000 genomes project (release 20 110 521 version 3 f, restricted to SNPs with a MAF ≥ 1%) co-locates with the binding region of transcript probes (78). If LD between the putative eSNP and the 1000 genomes SNP was present (R² > 0.1) or was unknown, cis-regulated eQTLs were marked as potential false positive. For LD calculation, we used HapMap Data (Release #28, lifted over to GRCh37/hg19) as well as the 1000 genomes data as reference applying Plink v1.07 (79) .
For trans-eQTLs, a reason for false positive is cross-hybridization of the corresponding expression probe in proximity to the putative eSNP site. If this is the case, the putative trans-eQTL might be in fact a cis-eQTL. Trans-eQTLs were marked as potential false positive, if cross-hybridization of expression probes of the putatively regulated gene was found within 1 Mb of the putative eSNP. Cross-hybridization information resulted from a previous extensive remapping approach (74) . Within our data, we found 2.7% of all cis-eQTLs and 8.7% of all trans-eQTLs to have an increased chance to be false positive. Since our criteria do not necessarily result in false-positive eQTLs (80) and since the overall rate of these events was moderate, we did not filter these results in general, but marked them in Supplementary Material, Table S1 and excluded them in certain distinct analyses as described. For additional details of potential false-positive SNPs, see Supplementary Material, Tables S10, S11 and Figure S17 .
To get information about the distribution of eQTLs under the null hypothesis, we performed 100 additional genome-wide eQTL studies by permuting per individual labels of SNP data and expression data. These data are referred to as 'permuted eQTL data'. We used permutated eQTL data to verify the BenjaminiHochberg based P-value thresholds corresponding to the FDR of 5%. For cis-eQTLs, empirical FDR was on average 0.0501 ranging from 0.0478 to 0.0521, for trans-eQTL, empirical FDR was on average 0.0515, ranging from 0.0459 to 0.0596. For hypergeometric enrichment analysis of genes within Gene Ontology and KEGG pathways, we used the R-package 'GOstats'. Results with enrichment P-values of <0.05 were reported. We used all 13 338 genes that were included in eQTL analysis as background. When using Gene Ontology, we used the implemented adjustment option to correct significance of enriched pathways according to the redundant nature of the hierarchical annotation system. We compared our results with results of the GWAS catalogue (81), accessed on 14 August 2014. Thereby, we used as reference both, HapMap Data (Release #28, lifted over to GRCh37/hg19) and 1000 genomes data release 20 110 521 version 3 from EUR population, and applied PLINK (79) to identify correlated SNPs.
Comparison with known eQTLs
To identify novel eQTLs, we compared our results with publicly available results of 22 studies (3,7-27) (Supplementary Material, Table S3 ). Data of some of these studies were summarized and available from seeQTL (82) and the Chicago eQTL browser (http:// eqtl.uchicago.edu). Significance level α of reported eQTLs of those studies was required to be always <0.005. We matched regulated genes on transcription-probe information (Ensemble gene ID, RefSeq ID, Entrez-gene ID, Probe-ID, and/or HGNC ID) as available. Putative and/or badly characterized genes defined as genes starting with letters 'KIAA', 'FLJ', 'HS.', 'C.*ORF' 'MGC' and 'LOC' were excluded from summary statistics when counting novel eQTLs. eSNPs were matched between our study and databases based on their dbSNP identifiers. An eQTL was regarded novel if for a certain regulated gene, eSNPs of our study were found on different chromosomes compared with published eSNPs, or if LD between our eSNPs and published eSNPs could be calculated and was found to be lower than R 2 = 0.3 or if distances between our eSNPs and published eSNPs were >5 Mb. To identify replication rates for eQTLs in our study, we performed detailed comparison with genome-wide studies including more than 1000 individuals (12, 21, 23) . Two of these studies adopted a cis-and trans-specific significance level at an FDR of 5% (12, 23) , and one a global Bonferroni-criterion (21) . Reported eQTLs of these three studies were included in replication analysis if eQTLs were autosomal and if the regulated gene as well as the reported eSNP was analysed in our study. Adopting these criteria, 80, 85, 81% of reported cis-eQTLs and 79, 77, 73% of reported trans-eQTLs of Fehrmann et al., Westra et al. and Zeller et al. were available for replication analysis, respectively. Cis-and trans-classification was used as defined in the original reports. A certain gene was considered replicated if one or more of the reported eSNPs were associated with the same gene in our study at an FDR of 5%. When analysing vice-versa replication of our regulated genes in Westra et al., we restricted our data in the cis-specific comparison to any SNP and gene reported in results of Westra et al. (FDR ≤ 0.5). For the trans-specific comparison, we additionally restricted our SNPs to those included in the GWAS catalogue as done by Westra et al. to allow a direct comparison between the studies.
Analysis of eSNP densities flanking transcribed regions
To estimate ranges of cis-effects, we analysed the distribution of the physical distances between eSNPs and corresponding regulated genes if found on the same chromosome. In order to avoid bias, genomic regions of long-range LD (83) were excluded for this analysis, thereby filtering out 559 genes. Additionally, potential false positives were excluded from this analysis. If a certain SNP was associated with multiple probes of the same gene, the corresponding SNP-gene distance was counted only once per gene. Cis-eQTLs with effect sizes smaller than the minimal observed effect size of trans-eQTLs were excluded from this analysis. This was to avoid bias as the study-wide significance level was different for cis-and trans-eQTLs. In order to estimate the maximum distance, where more eSNPs are observed than expected under the null hypothesis, we compared the local eSNP density with the average eSNP density from interchromosomal trans-eQTLs. A scatter-plot was applied to estimate the distance for which the frequency of eQTLs in our data dropped below the density of inter-chromosomal eQTLs (Supplementary Material, Fig. S6 ). When estimating the total variance explained by all cis-eSNPs located on the same chromosome, we combined respective eQTLs using correlation adjusted scores as implemented in the R-package 'care' (30, 60) .
Trans-cluster analysis
We defined trans-clusters as trans-eSNPs associated with at least two trans-regulated genes. When counting trans-cluster loci, we considered only one trans-cluster eSNP per 1 Mb. To score significance across trans-clusters thereby accounting for correlation between regulated genes, we applied a standard framework of a MANOVA. We analysed the mean change of correlation between expression levels of trans-regulated probes when adjusting on the eSNP. For this purpose, we calculated pair-wise absolute Pearson product-moment correlation coefficients of all transcripts of a trans-cluster before and after adjusting expression levels in a linear model on the regulating trans-eSNP. A negative change indicated a decreased correlation after adjustment.
Reported novel trans-clusters in Table 3 resulted from pruning applying R 2 ≤ 0.3 in order to report independent effects. Transcluster shown in this table were required to have at least three trans-regulated genes, 75% of those had to be novel. LD with a GWAS-SNP had to be at least R 2 ≥ 0.5, additionally, at least one GWAS-SNP was required to have an R 2 ≥ 0.8 with the trans-cluster eSNP. Potentially false-positive eQTLs were excluded from this analysis.
To identify enrichment of KEGG and GO terms within cis-and trans-regulated genes, we used the R-package 'GOstats'. To visualize enriched KEGG pathways, we used the R-package 'pathview' (84).
Estimation of CW heritability and correlation adjusted scores
To estimate CW heritability (CW-heritability) of transcripts, we used the software GCTA as previously described including all SNPs included in eQTL association analysis (54) . We restricted this analysis to autosomal transcripts. CW-heritability is estimated based on mixed-model analysis of background relatedness between samples. Due to our chip-design, HapMap-based imputation and the non-family-based design of our cohort, this estimates the contribution of common variants to heritability only. This is different to usual family-based studies of the heritability of gene expression (2, 11, 13, 62, 85, 86) . When restricting analysis to the cis-attributable component of CW-heritability, we included all SNPs of the chromosome where the regulated gene is located. Vice versa, when restricting analysis to the trans-attributable component of CW-heritability, we excluded all SNPs of the chromosome where the regulated gene is located. We limited analysis to transcripts with CW-heritability significantly different from zero at the level of α = 0.05.
For contrasting CW-heritabilities with explained variances by identified eQTLs, we used correlation adjusted scores as implemented in the R-package 'care' (30, 60) . For each transcript, all associated eSNPs (FDR ≤ 5%) where summarized. We restricted analysis to observations without missing data (if SNP was from non-imputed data). The correlation shrinkage intensity lambda was 0 or if necessary to avoid singularity of the correlation matrix at most 10 −9 , i.e. we basically used the empirical correlation structure to estimate the genetic covariance. To quantify the explained variance assignable to cis-and trans-eSNPs separately, we summarized squared car-scores separately for all cis-and all trans-acting eSNPs of a certain transcript, respectively. For graphical presentations, summarized car-scores smaller than 10
were set to zero. When plotting ratios between summarized car-scores and CW-heritabilities, ratios larger than one were set to one. For reasons of improved comparability between summarized car-scores and cis-/trans-CW-heritability, all eSNPs located on the same chromosome as the regulated gene were regarded as cis-acting in this analysis.
Enrichment of eSNPs in functional elements
To compute the enrichment of eSNPs that harbour a genome annotation, we adapted the approach proposed by Hindorff et al. (81) . Considering all SNPs in strong LD with the eSNP, the overlap with a genome annotation was computed with a selection of annotation sets of the human genome (version GRCh37/hg19). Significance of the observed overlap was inferred by Fisher's Exact Test. The expected number of overlaps was estimated from permuted eQTL data. For each eSNP, an interval (LD-block) that contains all SNPs in strong LD with that eSNP was generated. The LD-block was defined by the left and right most SNP which appears to be highly correlated with that eSNP (R² > 0.9) within a distance of 200 kb. Therefore, the maximum size an LD-block can have is 400 kb. LD data were obtained from HapMap (Release #27, NCBI 36, CEU) and lifted over to GRCh37/hg19. To avoid regional bias, replicates of LD-blocks were removed, so that the final set used in the analysis contains only unique LD-blocks. An LD-block was counted if at least one SNP within it overlaps the annotation. The LD-block is counted only once regardless of how often the overlap occurred with the annotation. We performed the same steps to calculate the overlap within permuted eQTL data and annotation sets providing expected distributions of SNPs under the null hypothesis. A non-coding transcript was called bona fide non-coding if it does not exhibited any evidence for open-reading frames as predicted by RNAcode (56) nor any sequence similarity to known amino acid sequences in RefSeq database (version 7 March 2012). Thereby, similarity was assessed using tblastn with parameters -word-size 3 and an e-value < 0.05. A detailed listing and description of all included annotation sets is provided in Supplementary Material, Table S12 . To characterize pseudogenes in detail, we used information described in psiDR version 1.0.0 (58). 
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